Abstract: Governments, aid organizations and researchers are struggling with the complexity of detecting and monitoring drought events, which leads to weaknesses regarding the translation of early warnings into action. Embedded in an advanced decision-support framework for Doctors without Borders (Médecins sans Frontières), this study focuses on identifying the added-value of combining different satellite-derived datasets for drought monitoring and forecasting in Ethiopia. The core of the study is the improvement of an existing drought index via methodical adaptations and the integration of various satellite-derived datasets. The resulting Enhanced Combined Drought Index (ECDI) links four input datasets (rainfall, soil moisture, land surface temperature and vegetation status). The respective weight of each input dataset is calculated for every grid point at a spatial resolution of 0.25 degrees (roughly 28 kilometers). In the case of data gaps in one input dataset, the weights are automatically redistributed to other available variables. Ranking the years 1992 to 2014 according to the ECDI-based warning levels allows for the identification of all large-scale drought events in Ethiopia. Our results also indicate a good match between the ECDI-based drought warning levels and reported drought impacts for both the start and the end of the season.
Introduction
Severe droughts can affect large populations, lead to a long-term threat to people's livelihoods and result in tremendous economic loss. Agricultural droughts, which are the focus of this study, have the potential to cause large-scale crop failure and famine, resulting in severe challenges to governmental and non-governmental aid organizations. The problem with drought management consists of two interconnected elements. On the one hand, neither the detection of drought onset and severity nor the formulation of a common drought definition [1, 2] are straightforward. On the other hand, a systemic failure of politics and markets and weaknesses in the transformation of drought early warning information into subsequent action impede efficient humanitarian assistance. In particular in Sub-Saharan Africa, droughts often left regions in a state of chronic poverty [3] and depending 
Study Area
Performance tests of the ECDI are carried out for Ethiopia, which has a total surface of around 1.1 million km 2 divided in nine ethnically defined districts. The total population is 84.7 million people [19] . More than 80 percent of the population lives in the rural, higher-elevated areas ( Figure 2 ). Around 80 percent of the population work in the agricultural sector (status 2005), which is responsible for 43 percent of the GDP and 90 percent of exports [20] . 
Performance tests of the ECDI are carried out for Ethiopia, which has a total surface of around 1.1 million km 2 divided in nine ethnically defined districts. The total population is 84.7 million people [19] . More than 80 percent of the population lives in the rural, higher-elevated areas ( Figure 2 ). Around 80 percent of the population work in the agricultural sector (status 2005), which is responsible for 43 percent of the GDP and 90 percent of exports [20] .
Remote Sens. 2016, 8, 340 3 of 25 observations of rainfall, soil moisture, land surface temperature and vegetation vigor. The index design aims at the timely and reliable detection of drought events with regard to their spatio-temporal extent and severity. In order to be able to consider drought impacts, which are neglected by most drought monitoring initiatives [17, 18] , the ECDI is linked to a mobile application. This application allows the consideration of satellite-derived drought risk in relation to the assessment of people's vulnerabilities (e.g., current rates of malnutrition) and coping capacities (e.g., access to drought-resistant seeds). Finally, the ECDI also includes an experimental seasonal forecasting component, whose initial results are discussed briefly in Section 4.4. The entire framework is illustrated in Figure 1 , including the drought monitoring component (yellow), the drought forecasting component (green) and the socio-economic component (blue). To evaluate the added-value of the ECDI for operational decision-support, we compare the ECDI-warning levels to two other state-of-the-art drought indices and to local drought reports in Ethiopia. 
Performance tests of the ECDI are carried out for Ethiopia, which has a total surface of around 1.1 million km 2 divided in nine ethnically defined districts. The total population is 84.7 million people [19] . More than 80 percent of the population lives in the rural, higher-elevated areas ( Figure 2 ). Around 80 percent of the population work in the agricultural sector (status 2005), which is responsible for 43 percent of the GDP and 90 percent of exports [20] . Ethiopia is characterized by a desert climate in the eastern and northeastern parts. The country's lowlands ( Figure 2 ) are mainly hot semiarid in the center-east or tropical in the west [21] . According to the global map of irrigation areas of the UN Food and Agriculture Organization (Version 5.0, 2013) irrigation capacities are very limited throughout the country (Figure 2 ). Where existing, irrigation systems naturally follow the pattern of population density.
Among 171 countries, the World Risk Report [22] ranks Ethiopia 15th with regard to susceptibility (the likelihood of experiencing negative consequences in an extreme event) from natural disasters. The country's adaptive capacities (long term countermeasures to mitigate impacts) are rated as extraordinarily weak (ranked 12th), resulting in a high overall vulnerability, which comprises susceptibility, coping (short-term) and adaptive capacities. However, with regard to the overall risk assessment Ethiopia only ranks 63rd, because exposure (people and assets that can potentially be affected) towards natural disasters is comparatively low. In contrast, the drought vulnerability index of Naumann et al. [23] classifies Ethiopia as highly vulnerable due to very weak renewable natural capital, weak economic capacity (including food security), weak human/civic resources and a dependency on unreliable rainfall patterns, which are predicted to further depart from the "normal" pattern [24] .
In 1984/1985, Ethiopia was struck by a devastating famine that claimed the lives of approximately one million people [25] . At least for some years the prevention of famine ranked high on the political agenda. The most recent large-scale drought in 2011/2012 also affected large parts of Eastern Africa, mainly Somalia and Ethiopia. This time, a specific warning for famine was issued three months in advance [26] . Despite high certainty about the upcoming drought and a high risk of famine the translation of early warning into action on the ground was very slow due to political reasons and financial constraints. Ultimately, 11.5 million people required assistance [27] and aid organizations were struggling with logistical challenges. Since the latter event is well documented we use it in combination with the reports of farmers in Northern Ethiopia (Tigray region) as the benchmark for the ECDI-based warning levels.
Data and Methods

Satellite Data and Drought Indices
The ECDI uses satellite-derived rainfall, soil moisture, land surface temperature and vegetation status as input datasets. Except for the TAMSAT rainfall product [28, 29] , which is produced for the African continent only, soil moisture, vegetation status and land surface temperature [30] are available on a global scale. Table S1 summarizes all input variables including the corresponding dataset providers, temporal and spatial coverage and resolution, respectively.
The proposed ECDI is an improvement of the original CDI [31] where soil moisture was not included. The ECDI closes the gap between rainfall and the response of vegetation by introducing a soil moisture component that is retrieved via (passive) microwave remote sensing (Section 3.1.1). In addition, we use a new, noise-corrected, gap-filled and smoothed Normalized Difference Vegetation Index (NDVI) to estimate the plants' health via their photosynthetic activity (Section 3.1.2). Two state-of-the-art drought indices, the self-calibrated Palmer Drought Severity Index [32, 33] and the Standardized Precipitation Evapotranspiration Index [34] , are presented in (Section 3.1.3) and serve as a "benchmark" for the ECDI-based warning levels.
Satellite-Derived Soil Moisture
With regard to drought management AghaKouchak [35] states that measurements of soil moisture possibly improve drought predictability due to higher persistence than precipitation. The studies of Qiu et al. [36] highlight the importance of surface soil moisture for drought monitoring, as well as the role of root-zone soil moisture for the estimation of near-future vegetation anomalies. These and other findings explain the increasing interest in satellite-derived soil moisture products for operational drought monitoring (e.g., El Sharif et al., 2015 [37] ; Kumar et al., 2014 [38] ).
However, since satellite-derived soil moisture is a relatively new product most operational remote sensing-based drought indicators rely on rainfall [39] , vegetation [40] , a combination of rainfall and temperature [32, 33, 41] , rainfall and evapotranspiration [34] or land surface temperature and a surface energy balance model [42, 43] . Neglecting the soil moisture component in drought monitoring is also critical due to erroneous satellite-derived rainfall observations [44, 45] . Rainfall is often not accessible to plants due to runoff or increased rates of evaporation, which will play an increasing role if the impacts of climate change are taken into account [46] .
Within the Climate Change Initiative (CCI) of the European Space Agency (ESA), a sophisticated processing chain was developed to merge different products from radar (active microwave sensors) and radiometers (passive sensors) [47] [48] [49] , exploiting their individual strengths on a global scale. This "ESA CCI soil moisture" dataset covers a period from 1978 to 2014. A recent study of McNally et al. [50] showed that, in combination with NDVI and modeled soil moisture the NDVI provided a "convergence of evidence" for drought monitoring in East Africa. In order to use the CCI soil moisture for operational drought monitoring the processing chain was experimentally adapted for the integration of near-real-time (NRT) observations at TU Wien (Austria). The resulting dataset is generated daily on a regular 0.25˝grid and includes observations from the Advanced Scatterometer (ASCAT) on board MetOP (Meteorological Operational Satellite) and from the Advanced Microwave Scanning Radiometer (AMSR-2) on board the GCOM-W (Global Change Observation Mission-Water) satellite. The ASCAT NRT product is distributed by the European Organisation for the Exploitation of Meteorological Satellites (EUMETSAT), whereas the US National Aeronautics and Space Administration (NASA) and the Japan Aerospace Exploration Agency distribute the AMSR-2 NRT product. By nature, microwave remote sensing of soil moisture is problematic over complex terrain [51] , dense vegetation or frozen soils [52] . Due to data gaps prior to 1992, the computation of the ECDI was limited to the period 1992 to present.
Advanced NDVI Products
The NDVI is widely used to map vegetation conditions on a global scale [53] , to estimate crop yields [54] , to monitor agricultural land [55] and for informing index-based (agricultural) insurances [56] . In particular in Ethiopia the NDVI was also successfully used to predict vegetation stress during the growing season 1-3 months ahead [57] . The NDVI combines information from red and near-infrared spectral channels to highlight the greenness information. It is produced as an eight-day Maximum-Value-Composite (MVC) product from MODIS (NASA's Moderate-resolution Imaging Spectroradiometer) AQUA and TERRA satellites at 250 m spatial resolution. Data are available free of charge on a global scale.
Numerous investigations have described the relationships between the NDVI and climatic variables such as rainfall, land surface temperature or soil moisture, depending on land cover or soil types e.g., in Africa [58] [59] [60] [61] or in the United States [62] [63] [64] . Studies that focus on the relationship between satellite-derived soil moisture and vegetation, such as the one carried out by Nandintsetseg [65] in Mongolia or by Zribi et al. [66] in Tunisia, on the other hand, are rather scarce.
The NDVI is inherently affected by perturbing factors such as (undetected) clouds and poor atmospheric conditions (e.g., aerosols). Therefore, data cleaning is necessary [67, 68] . The Institute of Surveying, Remote Sensing and Land Information (IVFL) at the Vienna University of Natural Resources and Life Sciences (BOKU) developed a near-real-time (NRT) smoothing algorithm based on the Whittaker smoother [69, 70] . The smoother filters time series of NDVI observations taking available MODIS quality flags into account. The processing is performed every Saturday to deliver NDVI "Monday-images" with a seven-day updating interval [71, 72] . The filtered images are not only produced for the current week (t), but also for the past 13 weeks (t-13). The data produced for week t-13 serve as reference observations for deriving information about uncertainty (through hindcast analysis) for the NRT products. As new observations become available weekly, the MODIS data are re-filtered every weekend to keep the time series updated and internally consistent. Every NDVI pixel contains information about the (modeled) uncertainty range. The performance of the Whittaker smoother was assessed over South America [73] and India [67] and is operationally used by Kenya's National Drought Monitoring Authority (NDMA) for the release of drought contingency funds (DCF) [74] .
Benchmark Drought Indices
To validate the performance of the ECDI-based warning levels we use two of the most widely used drought indices for comparison:
‚ the self-calibrated Palmer Drought Severity Index (scPDSI); and ‚ the Standardized Precipitation Evapotranspiration Index (SPEI).
The scPDSI [32, 33] is calculated based on rainfall and temperature from the University of East Anglia's Climate Research Unit (CRU). CRU Version 3.21 is derived from more than 4000 weather station records on a 0.5˝ˆ0.5˝grid. The CRU developers highlight that the final output datasets are not strictly homogeneous, although most input datasets were homogenized. Based on the concept of calculating water supply and demand via a water balance model the PDSI tries to provide standardized soil moisture conditions. In contrast to the original PDSI the scPDSI replaces empirically-derived constants with dynamically calculated values. The CRU scPDSI is provided by the Royal Netherlands Meteorological Institute's (KNMI) Global Climate Explorer.
The SPEI was developed in 2010 by Vicente-Serrano [34] to extend the basic concept of the Standardized Precipitation Index [39] via a temperature component. The adaptation was motivated by that fact that increased rates of evapotranspiration cause additional stress to net primary production, promote tree mortality and the risk of forest fires. Just like the scPDSI, the SPEI is calculated at monthly time steps on a 0.5˝ˆ0.5˝grid. It uses the difference between precipitation and potential evapotranspiration (calculated based on the Thornthwaite equation), which can be calculated at different time scales (1-48 months). The SPEI is available from 1955 to the present and is based on mean temperature data from the NOAA NCEP CPC GHCN_CAMS gridded dataset and rainfall from the Global Precipitation Climatology Centre. The latter dataset is interpolated from a spatial resolution of 1˝to 0.5˝. The SPEI is updated during the first days of each month and is available at: http://sac.csic.es/spei.
Methods
The following section describes the ECDI algorithm and its implementation through POETS (Python Open Earth Observation Tools) [75] and PYTESMO (Python Toolbox for the Evaluation of Soil Moisture Observations). In addition to the on-the-fly computation of the ECDI and the warning levels, POETS routinely calculates anomalies for all variables based on the entire available climatology to capture short-term extremes.
The ECDI is based on a modified version of the Combined Drought Index (CDI) that was originally developed by the UN FAO Somalia Water and Land Information Management (SWALIM) team [31] to link anomalies of in-situ measurements (rainfall, temperature) and the NDVI. The proposed new method replaces all in-situ observations with state-of-the-art satellite-derived datasets and adds a soil moisture component. Since the original CDI requested users to choose the weight of each component, sometimes leading to confusion among users, we propose a method that distributes the weights automatically for each grid point. The entire ECDI source code is available on a public Github repository at: https://github.com/tmistelbauer/poets4SATIDA/blob/master/poets/cdi.py.
Computation of the Monitoring ECDI
The ECDI is calculated on a regular latitude-longitude grid at decadal (10-daily) time steps. Note that we use decade and decadal in this paper to denote a 10-day time step. All input datasets are resampled to a spatial resolution of 0.25˝, corresponding to soil moisture as the input dataset with the lowest spatial resolution. Equation (1) illustrates the calculation of one ECDI component, the Precipitation Drought Index (PDI). All other components are calculated in a similar way.
PDI is the Precipitation Drought Index (an individual index is calculated for precipitation, land surface temperature and soil moisture) P* is the decadal precipitation average RL*(P*) maximum number of successive decades below long term average rainfall in the interest period (run-length) IP interest period (longer IPs detect more severe drought events) RL* is the Run Length parameter n number of years with data j summation running parameter covering the interest period (IP) k summation running parameter covering the years where data are available d time unit (decade or month) y year
The basic principle of the ECDI algorithm is to relate the average values of accumulated rainfall, soil moisture, land surface temperature and vegetation health for one interest period (IP) to the long term mean of this IP (left part of Equation (1)) and the number of subsequent decades representing anomalous conditions in this to the corresponding long-term mean in this IP (right part of Equation (1)). The IP is flexible and defines to what extent past observations are considered. The current version runs on an IP of 18 decades, corresponding to the six-months Standardized Precipitation Evapotranspiration Index [34] . In a simplified form this index can be expressed as (Equation (2) The individual indices for land surface temperature, precipitation and soil moisture are calculated similarly. Deficits in precipitation, soil moisture and vegetation health indicate drought conditions, as well as abnormally high land surface temperatures. Balint and Mutua [31, 76] recommend modifying the raw time series of temperature and precipitation as well as the run length to adjust the range of all variables and to avoid a division by zero (Equation (3)). In addition, the temperature and the run length parameter, which counts the successive decades with above normal (temperature) or below normal (rainfall and soil moisture) conditions, are inverted:
T* is modified Temperature P* is modified precipitation RL* is s modified run length All individual indices differ in range. To improve their interpretability and visual comparability we introduce a simple scaling factor. Equation (4) applies the scaling factor to each individual index, in this case the PDI:
PDI scaled is the new scaled value PDI min is the minimum value of the decade compared to all decades available PDI max is the maximum value of the decades compared to all decades available
Adjustment of Weights
The NDVI is a valuable indicator for agricultural drought in Ethiopia [77] , but also often a relatively late indicator of vegetation stress. As a result, the weight of each individual index is automatically calculated with respect to its capability to reflect the future vegetation status (NDVI). The weight of every individual index is calculated for each grid point and multiplied by the respective individual index to calculate the ECDI (Equation (5)). The sum of all weights per decade is one.
Weight for each individual drought index (e.g., rainfall) DI Individual drought index n number of drought indices used to calculate the CDI i running parameter covering the number of drought indices
As a first step, all individual indices for rainfall, soil moisture and temperature are correlated with the individual index of the vegetation status via Pearson's correlation coefficient (R). This way a de-seasonalized agreement can be calculated. As illustrated in Figure 3 , the weights are distributed according to the quality of the correlation and the time step at which the highest correlations are observed (Equation (6)).
w weight for the respective drought index lag* modified time lag for the respective parameter corr* modified correlation coefficient for the respective parameter i index for the respective parameter/drought index j running parameter covering all parameters used for the ECDI calculation n number of individual drought indices used for the ECDI calculation
If, for instance, the soil moisture individual index has a comparable correlation coefficient to rainfall, but the rainfall individual index indicates the future vegetation status earlier, then the latter is assigned a higher weight. If no data are available for one individual index at one grid point, then the weight is automatically redistributed amongst the remaining indices. Figure 4 illustrates the weight distribution for one component of the ECDI (soil moisture). Based on a combination of time lag and corresponding correlation, the soil moisture component receives an average weight of 34.8 percent for Ethiopia.
w weight for the respective drought index lag* modified time lag for the respective parameter corr* modified correlation coefficient for the respective parameter i index for the respective parameter/drought index j running parameter covering all parameters used for the ECDI calculation n number of individual drought indices used for the ECDI calculation If, for instance, the soil moisture individual index has a comparable correlation coefficient to rainfall, but the rainfall individual index indicates the future vegetation status earlier, then the latter is assigned a higher weight. If no data are available for one individual index at one grid point, then the weight is automatically redistributed amongst the remaining indices. Figure 4 illustrates the weight distribution for one component of the ECDI (soil moisture). Based on a combination of time lag and corresponding correlation, the soil moisture component receives an average weight of 34.8 percent for Ethiopia. 
Drought Risk Warning Levels
The ECDI-based drought risk warning levels (WL) are calculated as follows (Equation (7)):
Table 1 compares the ECDI-based drought risk warning levels to the MSF food security warning levels. The warning levels are calculated as continuous values and grouped in four categories. Normal drought risk conditions are defined up to a warning level value of 0.5, mild drought risk from 0.5 to 1.5, severe drought risk from 1.5 to 2.5 and extreme drought risk > 2.5. 
Computation of the Forecasted ECDI
The fact that atmospheric processes are chaotic means that small changes in the initial conditions or the forecasting model itself can cause non-linear growths of error. As a consequence, seasonal drought forecasting is even more challenging than weather prediction. Hence, the UK Met Office [78] states that current long-range forecasts are useful to assess the likelihood and potential risk of future events, but not as the basis for definitive warnings. Nevertheless, long-range predictions are a priority to aid organizations, such as MSF, with regard to their operational planning. The following method to calculate a forecasted ECDI is presented as an experimental set-up.
The seasonal forecasting system of the European Centre for Medium Range Weather Forecasting (ECMWF) follows a probabilistic approach. The term "probabilistic" is a reminder to the user that there is always an uncertainty in the forecast, which should be considered, computed and taken into account when using the forecast. The forecasting system consists of 51 (15 for re-forecasts 1981-2010) ensemble members, which are possible realizations of future atmospheric conditions. Forecasts are provided on a global 0.7˝grid every month with a forecast range of up to seven months [79] . Individual model runs and ensemble systems are subject to biases and dispersion errors [80] . Therefore, it is important to calibrate all seasonal predictions for regional conditions. As one of the main requirements of the forecasted ECDI is the temporal homogeneity with respect to the monitoring ECDI, the method of choice is a cumulative distribution function (CDF) matching approach [81] , which removes the model bias with reference to the satellite observations. The seasonal forecasts provided by the ECMWF include a rainfall and a soil moisture component, but they lack a parameter that is directly comparable to the ECDI's land surface (soil skin) temperature. However, it provides air temperature at 2 m above ground. Despite the fact that soil skin temperature has larger diurnal amplitude and shows larger extreme values, the 2 m air temperature is a suitable first estimate, as these daily signals are mostly straightened out by averaging over the decades. Figure 5 offers a schematic illustration of how the ECDI processing chain is fed with seasonal ensemble forecasts of rainfall, temperature and soil moisture. The above-mentioned CDF matching is performed for all three modeled datasets separately. The coarse spatial model resolution is matched with the resolution of the satellite observations (0.25˝) via a nearest neighbor search. This way we avoid modifying the model data via an interpolation/resampling scheme. Only the observation-based ECDI until the present decade is used. After a transition period during which both observed and modeled data are used, the ECDI is entirely calculated based on the 15 ensemble forecasts for all 21 decades. To combine the predictions of rainfall, temperature and soil moisture into one forecasted ECDI, every input ensemble member is assigned the weight that has been calculated to develop the monitoring ECDI. For every forecasted decade and grid point, the minimum, maximum, 25% and 75% quantile and the median of the 15 ensemble ECDI forecasts are computed and stored. Based on these values the warning levels can be computed for the forecasted ECDI.
forecasts The severe 2011 drought event is used as an additional benchmark. It is well documented by international reports with regard to spatial and temporal extent.
Results and Discussion
Ranking Drought Years according to ECDI Warning Levels
Analyzing all 820 decades from January 1992 to March 2015 (17 decades are required to calculate the first value) reveals that grid points in Ethiopia are on average 71 percent of the time classified as "normal" drought risk level, 22 percent in "mild" drought risk, six percent in "severe" drought risk and less than one percent in "extreme" drought risk. While the 2008-09 and 2011-12 events in Figure 6 are directly captured by the annual drought level frequency, the 1997 and 2003 events follow at least one year of even higher levels of drought risk. There is limited documentation about the drought events in 2000 and 2001, mainly due to the fact that the drought did not result in a major famine. However, according to Reliefweb [81] the delay of the Belg rains from March to April 2000 affected the food security of around eight million people in the south and southeast. Famine could be prevented by international food assistance. Also in 2001, international aid organizations mention drought as the main reason for internal displacement and major food insecurity, affecting 6 to 7.5 million people [82] . Since the ECDI warning levels detect the highest drought level frequency in 2002, but there was no drought event listed in the EMDAT-database, we continued searching for alternative sources of information. According to the UN Food and Agriculture Organization [83] , both rainy seasons had failed in 2002 and 70 percent of the maize and sorghum crops were destroyed. Critical food and water shortages affected 12 to 15 million people [84] . The ECDI-based warning levels reflect the ENSO (El Niño-Southern Oscillation)-related 2002 event by showing that less than half of all decades (2002) were in "normal" drought risk conditions. Also in 2009, large areas were affected by a drought event that the UN Food and Agriculture Organization [85] linked to a moderate El Niño. In several regions in Central/Eastern Ethiopia, more than 85 percent of the cropland suffered from the impact of the drought. In the case of the 2009 event, ECDI-based warning levels show only 57 percent of all decades in normal conditions. 
Large-Scale Comparison to SPEI and sc-PDSI
To understand the temporal and spatial behavior of the ECDI-based warning levels, we calculated the Pearson's correlation coefficient for Ethiopia for all possible index combinations: It should be noted that a negative correlation between the ECDI warning levels and the other two drought indicators must be interpreted as a positive agreement, because lower SPEI and scPDSI values correspond to higher warning levels. In general, we observed a low correlation for all combinations. However, throughout Ethiopia and for all seasons the correlation between the satellite-derived ECDI warning levels and the SPEI is far higher than between the ECDI warning levels and the scPDSI (Table 2) . Overall, we observe the highest (negative) correlation (R = −0.4) for the ECDI warning levels and the SPEI during the winter season (January to March). We also identify slight differences in the correlation of the indicators with respect to the Belg rainy season (March to May), which is the main rainfall period for the southern and eastern agricultural areas and therefore critical for food security, and the Kirempt season (June to September). Considering only the Belg season, the correlation between the ECDI warning levels and the SPEI decreases to R = −0.31 and to R = −0.21 when only the Kirempt rainy season is considered. The correlation between SPEI and scPDSI does not change from the winter to the Belg season (R = 0.34), but also decreases during the Kirempt season (R = 0.24). Looking at the spatial patterns throughout the year, the agreement between the scPDSI and the SPEI (average annual R = 0.28; Figure 7 ) is comparable to the agreement of the ECDI 
To understand the temporal and spatial behavior of the ECDI-based warning levels, we calculated the Pearson's correlation coefficient for Ethiopia for all possible index combinations: -ScPDSI vs. SPEI (1992 to 2015); -ECDI-based warning levels vs. scPDSI (1992 to 2012); and -ECDI-based warning levels vs. SPEI (1992 to 2015).
It should be noted that a negative correlation between the ECDI warning levels and the other two drought indicators must be interpreted as a positive agreement, because lower SPEI and scPDSI values correspond to higher warning levels. In general, we observed a low correlation for all combinations. However, throughout Ethiopia and for all seasons the correlation between the satellite-derived ECDI warning levels and the SPEI is far higher than between the ECDI warning levels and the scPDSI (Table 2) . Overall, we observe the highest (negative) correlation (R =´0.4) for the ECDI warning levels and the SPEI during the winter season (January to March). We also identify slight differences in the correlation of the indicators with respect to the Belg rainy season (March to May), which is the main rainfall period for the southern and eastern agricultural areas and therefore critical for food security, and the Kirempt season (June to September). Considering only the Belg season, the correlation between the ECDI warning levels and the SPEI decreases to R =´0.31 and to R =´0.21 when only the Kirempt rainy season is considered. The correlation between SPEI and scPDSI does not change from the winter to the Belg season (R = 0.34), but also decreases during the Kirempt season (R = 0.24). Looking at the spatial patterns throughout the year, the agreement between the scPDSI and the SPEI (average annual R = 0.28; Figure 7 ) is comparable to the agreement of the ECDI warning levels and the SPEI (average annual R =´0.27; Figure 8 ). As illustrated in Figure 9 , there is virtually no agreement between the ECDI warning levels and the scPDSI (average R =´0.08). 
Ground Truthing
This section concentrates on three steps of analysis. First, we focus on the analysis of the time series of all raw datasets and their corresponding anomalies. Second, we present the time series and the corresponding metrics of the ECDI warning levels, the scPDSI and the SPEI for two locations in the Tigray region. Third, we discuss the decadal ECDI warning levels for years in which SOS or EOS soil moisture deficits had been reported by farmers in the Tigray region (2007, 2013, 2014, and 2015) and for the widespread drought event in 2011 in Southern/Eastern Ethiopia.
Analysis of Raw Data and Anomalies
Figures S13 and S14 illustrate the time series of rainfall, soil moisture, land surface temperature and vegetation status for 2007 to mid 2015 as well as anomalies that were calculated based on each dataset's entire climatology. Figure S13 covers the cities of Atsbi and Kinte Awelo, respectively. In particular, the SOS/EOS deficit in 2007 and the SOS deficit in 2013 are well reflected in the soil moisture anomaly. None of the other variables clearly indicates a deficit. The NDVI anomaly even indicates a slight to strong positive anomaly for all four events. Figure S14 represents the conditions around the city of Saesi Daedsaemba. Due to the geographic proximity to the other two cities the anomalies indicate similar conditions. Again, there is no deficit visible in the anomalies of vegetation status and rainfall. However, a negative soil moisture anomaly is detected for both SOS and EOS in 2007. The 2013 event is even more pronounced with a negative anomaly starting in late 2012. For 2014 and 2015, we observe only very slight soil moisture deficits.
Drought Index Performance Metrics
This section concentrates on the time series analysis for the six regions of interest in Figure 10 . All correlations (Pearson's correlation coefficient (R) and Spearman's correlation coefficient (S)) in Table 3 are calculated for the entire time series and for the Kiremit season, which is the wet summer season. As already indicated by the analysis on country-scale, the correlation coefficients are relatively low for all combinations. We observed the highest (negative) correlation (R =´0.53; bold number in Table 3 ) between the ECDI-based warning levels and the SPEI during the wet season in the south of the country along the Somali boarder. Restricting the calculation to the summer season does not result in a clear trend. In some cases, the correlation decreases (e.g., ECDI warning levels vs. SPEI in R1), while in other cases it increases (e.g., ECDI warning levels vs. SPEI in R3). For virtually all regions of interest the agreement of the ECDI warning levels and the SPEI is comparable or higher than when compared to the scPDSI. Figure 11 illustrates the time series of the three indices for region R1 in Figure 10 . Possibly caused by more recent advances in data quality (e.g., due to new sensors), the correlation between the ECDI warning levels and the SPEI increases from R =´0.38 (S =´0.36) to R =´0.48 (S =´0.57) if only the years 2007 to 2015 are considered. In particular, the 2013 drought event is well reflected.
The moderate agreement between scPDSI and SPEI could be related to their suitability to detect droughts at different time scales. Zhao et al. [86] argue that the SPEI is suitable to detect both shortand long-term drought events, whereas the scPDSI is only suitable to monitor mid-to long-term drought events. Since contradictory signals from different drought indicators are problematic from a decision-making point of view, the following section deals with the direct comparison of the ECDI-based warning levels with actual impacts based on field reports. Figure S16 shows severe to extreme conditions in the south and southeast of Ethiopia starting in January 2011. When the famine was officially declared in July 2011 the ECDI warning levels already start to shift towards mild drought conditions. The 2013 SOS deficit in Tigray is illustrated in Figure S17 . The Tigray region is affected by an increased drought risk starting in January. Afterwards, the drought risk gradually expands and covers the entire north of the country by June. Note that, for instance, in the case of corn, a water deficit of ten percent during the tassling/silking stage can result in yield decrease of 25 percent [87] . Even late in 2013 Tigray is partly affected by high levels of drought risk. The drought conditions that affected Tigray early in the 2014 season ( Figure S18 ) could be detected, but they are far less distinct than in 2007. By May 2014 the drought warning level increases for large parts of the country, but the ECDI warning levels only indicate severe to extreme conditions for a few disconnected regions in the north, south and central Ethiopia. The drought risk pattern of 2015 ( Figure S19) is different, because it shows an increased drought risk in January that already starts to shift to normal conditions in February. Nevertheless, it is possible that a rainfall deficit led to a soil moisture deficit during the Belg season, which is usually characterized by occasional showers and the highest temperatures in May. However, our current record for the ECDI-based drought warning levels ends late March 2015.
In summary, the warning levels indicate an increased warning level for all reported drought events. However, for some cases (e.g., the 2014 event) the warning levels only rise for the duration of several decades, which highlights the importance of in-depth knowledge about local agricultural practices. An extreme warning level during the period that is normally used for sowing might have a larger impact than a severe warning level during a different, longer period. Figure S16 shows severe to extreme conditions in the south and southeast of Ethiopia starting in January 2011. When the famine was officially declared in July 2011 the ECDI warning levels already start to shift towards mild drought conditions. The 2013 SOS deficit in Tigray is illustrated in Figure S17 . The Tigray region is affected by an increased drought risk starting in January. Afterwards, the drought risk gradually expands and covers the entire north of the country by June. Note that, for instance, in the case of corn, a water deficit of ten percent during the tassling/silking stage can result in yield decrease of 25 percent [87] . Even late in 2013 Tigray is partly affected by high levels of drought risk. The drought conditions that affected Tigray early in the 2014 season ( Figure S18 ) could be detected, but they are far less distinct than in 2007. By May 2014 the drought warning level increases for large parts of the country, but the ECDI warning levels only indicate severe to extreme conditions for a few disconnected regions in the north, south and central Ethiopia. The drought risk pattern of 2015 ( Figure S19) is different, because it shows an increased drought risk in January that already starts to shift to normal conditions in February. Nevertheless, it is possible that a rainfall deficit led to a soil moisture deficit during the Belg season, which is usually characterized by occasional showers and the highest temperatures in May. However, our current record for the ECDI-based drought warning levels ends late March 2015.
In summary, the warning levels indicate an increased warning level for all reported drought events. However, for some cases (e.g., the 2014 event) the warning levels only rise for the duration of several decades, which highlights the importance of in-depth knowledge about local agricultural practices. An extreme warning level during the period that is normally used for sowing might have a larger impact than a severe warning level during a different, longer period.
Drought Forecasting
The forecasting ECDI was calculated based on the framework presented in Figure 5 for all nine regional states in Ethiopia and for up to 21 decades. Figure 12 illustrates the performance of forecasted ECDI via Heidke-Skill-Score for four selection regions (Amhara, Tigray, Gambela and Oromia). In general, the forecasted ECDI tends to perform better for the lowest ECDI class (0-0.2) and the highest ECDI class (0.7-1) than for conditions closer to the "average". However, the forecasting skill decreases rapidly after 2-3 decades, indicating that the ECDI is currently not able to provide a seasonal forecast. Two potential reasons lie in the quality of the seasonal ensemble forecasts and the unsuitability of the linear CDF matching.
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The forecasting ECDI was calculated based on the framework presented in Figure 5 for all nine regional states in Ethiopia and for up to 21 decades. Figure 12 illustrates the performance of forecasted ECDI via Heidke-Skill-Score for four selection regions (Amhara, Tigray, Gambela and Oromia). In general, the forecasted ECDI tends to perform better for the lowest ECDI class (0-0.2) and the highest ECDI class (0.7-1) than for conditions closer to the "average". However, the forecasting skill decreases rapidly after 2-3 decades, indicating that the ECDI is currently not able to provide a seasonal forecast. Two potential reasons lie in the quality of the seasonal ensemble forecasts and the unsuitability of the linear CDF matching. In addition, we analyzed the dependency of the forecasting bias with regard to seasonality (not shown). There is a clear seasonal trend in the forecasting ECDI, which indicates that the bias increases in the wet season. Forecasting runs starting in January tend to show an increased bias towards the end of the 21 decades (the wet season). In contrast, forecasting runs starting in May show a higher bias at the beginning of the 21 decades that gradually decreases.
Conclusions and Outlook
This study is part of a framework that aims to provide user-specific information for humanitarian aid organizations, such as MSF, with respect to advanced drought and food security monitoring. We focus on the algorithmic development and validation of a new drought indicator In addition, we analyzed the dependency of the forecasting bias with regard to seasonality (not shown). There is a clear seasonal trend in the forecasting ECDI, which indicates that the bias increases in the wet season. Forecasting runs starting in January tend to show an increased bias towards the end of the 21 decades (the wet season). In contrast, forecasting runs starting in May show a higher bias at the beginning of the 21 decades that gradually decreases.
This study is part of a framework that aims to provide user-specific information for humanitarian aid organizations, such as MSF, with respect to advanced drought and food security monitoring. We focus on the algorithmic development and validation of a new drought indicator that combines space-based observations of four key variables over Ethiopia. The other two components of the framework concentrate on the coupling between socio-economic and satellite-derived information via a mobile app and on identifying the added-value of seasonal forecasts.
With regard to the new ECDI, the main improvement lies in the replacement of in-situ measurements, which are very limited in large regions of Africa, with satellite-derived datasets. In addition to widely used rainfall, land surface temperature and vegetation status we introduce a satellite-derived soil moisture component, which the original CDI and most other drought indices are lacking. All input datasets are resampled to a spatial resolution of 0.25˝(roughly 28 km) and averaged at decadal (10-daily) time steps. With sufficient processing power the spatial resolution can be increased to exploit for instance the higher resolution of the vegetation datasets, if the spatio-temporal relationships between all input variables are known. Furthermore, we present a method to distribute the weight of each of the four input datasets for each grid point individually. The weight is automatically redistributed if gaps in any input dataset are detected. Based on a new toolbox named POETS a web-platform allows to display time series and images of all datasets (raw data, climatology-based anomalies, individual drought indices for every variable and the ECDI).
According to the frequency distribution of the ECDI-based warning levels in Ethiopia, we observe plausible distributions: no drought conditions during 71 percent of the time between 1992 and 2015, while 22 percent of the time the warning levels indicate a "mild drought risk", six percent a "severe drought risk" and less than one percent an "extreme drought risk". Ranking the years based on the frequency of each drought warning level for all grid points facilitates the identification of most events that affected large parts of the country (e.g., 2002/2003, 2008/2009, 2011/2012) . In this context, we highlight the importance of continuous monitoring. Increased drought levels over long periods might lead to a crisis in a subsequent year that is characterized by lower warning levels. In contrast, a low warning level can also result in negative socio-economic consequences for the following year. Surplus production can lead to a decline in agricultural prices in the same or the subsequent year up to a level that does not allow farmers to cover their production costs [88] .
The ECDI and its warning levels outperform the Standardized Precipitation Evapotranspiration Index (SPEI) and the weather station data-based self-calibrated Palmer Drought Severity Index (scPDSI) regarding spatial and temporal resolution. However, our results indicate a low overall agreement between all drought indicators on country level (Figures 7 and 8) . In general, the ECDI warning levels show a higher agreement with the SPEI than with the scPDSI. In particular, when focusing on the Belg season, the main rainy season for agricultural production in the east and south, we observe higher negative correlations (R =´0.31) than in the main rainy season (Table 2) . With regard to our six regions of interest we observe the highest overall correlation (R =´53; Table 3 ) between the ECDI warning levels and the SPEI for a region in the south of Ethiopia. The negative correlation can be interpreted as an agreement due to the inverse relationship of the ECDI-based warning levels and the other two drought indices. Since contradictory signals of different drought indicators cause complications to decision-makers, we also compare the ECDI warning levels to field reports from the Tigray region and to the well-documented 2011 drought event. However, future studies will need to analyze the agreement of the ECDI with other drought indices at different time scales to distinguish differences caused by the selection of the input data from methodical differences.
The ECDI-based warning levels (Figures S15-S19) manage relatively well to reflect all SOS and EOS deficits that had been reported by farmers in the Northern Tigray region between 2007 and 2015. With regard to the severe drought event in 2011 a high warning level is already indicated in January. However, the famine had only been officially declared in July 2011. Limited by data availability during the production of this study, we can only observe a shift from severe to mild drought conditions from January to March 2015. We generally recommend the consideration of ECDI warning levels in combination with short-term anomalies. Figures S13 and S14 compare the climatology-based anomalies of rainfall, soil moisture, land surface temperature and vegetation status to the drought reports of Ethiopian farmers in the Tigray region. With regard to the detection of anomalous conditions, the SOS or EOS satellite-derived soil moisture matches the reported drought conditions more closely than the anomalies of rainfall, land surface temperature or vegetation health.
Future improvements of the ECDI will focus on the forecasting ECDI and the weight distribution. The forecasting ECDI's skill to predict agricultural drought conditions is currently limited to a few decades (Section 4.4). Potential improvements should focus on testing alternatives to the linear CDF matching technique. The weight distribution is currently based on the correlation of rainfall, soil moisture and land surface temperature with the vegetation status and the corresponding time lag. However, this method is not optimized for regions that are characterized by low NDVI values (e.g., <0.2), which usually represent bare soils. Applying a mask for these areas and for regions in which irrigation distorts the soil moisture signal could be a first solution. The use of crop-specific masks to focus on staple crops, such as grains, sorghum or pulses is also possible. Another advancement could be the replacement of the NDVI component with actual or predicted yield data, such as provided by the Vegetation Outlook (VegOut) for Ethiopia [57] . All datasets needed to run an empirical regression model are already available via POETS. Therefore, it might be useful to merge the MODIS NDVI product with the GIMMS (Global Inventory Modeling and Mapping Studies) dataset [89] . The presented method to run the ECDI on seasonal ensemble forecasts also needs to be evaluated via hindcast analysis to identify which degree of uncertainty is acceptable to decision-makers. Since the calibration of the forecasted ECDI depends on the quality of the monitoring ECDI it could be beneficial to extend POETS via new products, such as the higher resolution soil moisture observations from Sentinel-1 or SMAP (Soil Moisture Active Passive).
Despite possible improvements, the current version of the ECDI-based warning levels is already able to reflect most reported drought conditions in Ethiopia timely and reliably. However, we also observed high warning levels for periods that did not seem to have a strong impact on people's livelihoods or agricultural production. Hence, we conclude that a user-tailored monitoring system needs to exploit different sources of information about environmental anomalies in combination with assessments of additional socio-economic vulnerabilities and coping capacities. Without in-depth retrospective studies about the potential of drought indicators to reflect actual conditions on the ground it will not be possible to match the severity represented by a drought index to the magnitude of the actual event. However, if these studies are carried out successfully, satellite-derived drought indicators have the potential to serve as an additional basis for the decision-support of aid organizations instead of just confirming existing knowledge. Author Contributions: M.E. designed the overall methodical framework for the development and validation of the ECDI, carried out large parts of the algorithmic implementation and wrote the manuscript in large part. C.S. supported the manuscript with regard to the algorithmic development and data analysis. W.D. and W.W. supported the manuscript with regard to the algorithmic development of the ECDI and its validation. T.M. supported the manuscript via algorithmic implementations. L.S. supported the manuscript with regard to the validation of the ECDI via the SPEI/scPDSI. C.A. supported the algorithmic development of the ECDI with regard to the vegetation status. S.S. supported the study with respect to seasonal predictions and the forecasted ECDI. E.D. supported the validation of the ECDI via the identification of warning levels with respect to drought impacts.
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